Abstract: Preferences for subjective design qualities, such as shape, are difficult to capture and relate to engineering specifications. The present paper uses Interactive Evolutionary Systems (IES) to locate a human user's most preferred cola bottle shape among a set of parameterised bottle shapes. Several researchers have used IES to identify user preference, but have never independently confirmed that preference. In the present paper, participants used the IGA to select their favourite design from a small design space. The method of paired comparisons was used to characterise preference over the entire design space, showing a 91% agreement with IGA most preferred selections.
Introduction
Incorporating subjective preference in design has become increasingly important in product development (Govers, 1996; Chang and Carroll, 1972; Louviere et al., 2000; Nagamachi, 1995; Petiot and Chablat, 2003; Kelly et al., 2010; Petiot and Grognet, 2006; Michalek et al., 2005) . Efforts to characterise such preferences include the use of IES (Takagi, 2001; Buonanno and Mavris, 2004; Durant et al., 2004; Cho, 2002; Gu et al., 2006) . IES have proven effective in locating goal-based stimuli, such as the clearest sound (Durant et al., 2004) , or the colour red (Gu et al., 2006) . However, how accurately IES locates a user's most preferred option within a design space has only been implicitly assumed. The present investigation provides evidence that supports this assumption for shape preference.
In the following, we motivate the use of IES for characterising preference, describe its potential, its known problems, and suggest several means for solving some of these problems. We then focus on IES as a method for identifying a user's most preferred design. We implement an IGA in our experimental studies, and explain how the IGA parameters can be tuned using Monte Carlo simulation. Finally, we apply our experimental design to explore two questions. First, we ask the extent to which participants find a predefined shape using the IGA. Our results show how effective the IGA is at allowing participants to seek out a specific goal. Secondly, we ask the extent to which participants find their most preferred option among a set of candidate designs by use of the IGA. Our studies employ an independent measure of preference (the method of paired comparisons) to validate IGA-selected designs. In so doing, we intend to illustrate the utility of IGAs as a preference assessment tool on small design spaces, which serves as a precursor to the use of IES in larger design problems.
Background
Research in engineering, marketing and psychology has resulted in methods that help designers understand user preferences for both objective and subjective product attributes (Govers, 1996; Chang and Carroll, 1972; Louviere et al., 2000; Nagamachi, 1995; Petiot and Chablat, 2003) , including shape preference (Petiot and Chablat, 2003; Kelly et al., 2010) . Objective attributes, such as technical performance metrics, are typically measurable quantitatively and easier to explore in terms of user preferences. Subjective attributes, such as the appeal of a product's shape, have generally not been measured quantitatively and have thus been more difficult to incorporate into a quantitative design process. Researchers have recognised this problem and have increasingly tried to incorporate preference information in quantitative engineering design methods (Kelly et al., 2010; Petiot and Grognet, 2006; Michalek et al., 2005) . Michalek shows that improved designs result when marketing, engineering, economic and user viewpoints can be expressed and analysed in a comprehensive optimisation framework (Michalek et al., 2005) .
Users have difficulty expressing explicit shape preferences because they often need context and visual examples to discern what appeals to them. Therefore, researchers have proposed and implemented interactive tools that attempt to elicit individual preferences from users (Takagi, 2001; Buonanno and Mavris, 2004; Durant et al., 2004; Cho, 2002; Gu et al., 2006; Yanagisawa and Fukuda, 2005) . There is implicit acceptance that IES can be used for eliciting preference information (Cho, 2002; Gu et al., 2006; Yanagisawa and Fukuda, 2005) , but there has not been substantive evidence that this is indeed the case. Validation of IES in this context is necessary for their continued use.
Genetic Algorithms (GAs) are used to solve optimisation and search problems by emulating principles of biological evolution and were first rigorously explored by Holland (1975) . IGAs are special cases of the GA in which human judgment forms the basis of 'evolutionary fitness' and were first introduced by Dawkins for evolving treelike visual structures (Dawkins, 1986) . The concept has been applied to several fields where objective fitness functions are not apparent, such as visual design systems (Cho, 2002) , psychoacoustics (Durant et al., 2004) , and complex systems (Buonanno and Mavris, 2004; Kamalian et al., 2005 ). An important and thorough review of the state of the art can be found in the work of Takagi (2001) .
Issues surrounding the validity of IGAs are: accurate partitioning of an artefact into important components for variation; providing enough 'perceptual tiling', or detail for each component such that respondents can perceive component variance between design options; coding the genetic structure such that irregularity is reduced during the mutation process; and, reducing user fatigue during evaluation.
The IGA assumes that the evolutionary process based on user judgement converges to a user's preferred design much in the same way as the GA converges to the option with the best fitness. In the present study we look for evidence that supports this assumption for product shape preferences. Some researchers have investigated IGAs' preference capability by giving participants a 'goal-seeking' task, such as finding a specific shape or colour (Cho, 2002; Gu et al., 2006) . The use of experts to find viable solutions is a goal-seeking task where the goal is a perceived functionality. Understanding preference is uniquely different from finding a shape, colour, or design solution that meets a specific criterion. Preference may have little to do with performance criteria, or even oppose them. So, while IGAs have been shown to work for goal-seeking tasks, the assertion that they also work for assessing preference, while compelling, has not been substantiated.
Specification of an Interactive Genetic Algorithm
In this study we use a generational IGA to query users about their preference for specific shapes. We present the mechanics of this IGA and describe how the parameters of a design can be iteratively adjusted with respect to user preference. The IGA creates an initial population of designs from a defined chromosome and presents them to a user, who then selects a subset of these individuals based on preference. The IGA uses this information to select individuals for genetic mating, thus creating new individuals with genotypes determined by the parents. The new individuals mutate based on a random process. The IGA presents this new set of individuals to users again, and the process is repeated for several generations. In the final generation, the user selects the preferred design from the available set and this is taken as the user's ideal shape.
Design problems are complex, often having numerous variables resulting in large design spaces. One benefit of GA techniques is that they are capable of exploring these massive design spaces and obtaining good solutions to design problems (Goldberg, 1989) . This aspect of GAs should transfer to IGAs. But, a problem with these large design spaces in an IGA task is the large task load placed upon the user. User evaluation of conceptual design requires some sort of interaction with those designs, consequently users may become fatigued by this evaluation process. Thus, a tradeoff exists between exploring these large design spaces and keeping task loads minimal for users. Some researchers have proposed IGA systems in which users must rank each design within each set of a generation, while others have argued that such ranking causes user fatigue (Buonanno and Mavris, 2004; Cho, 2002; Kamalian et al., 2005) . Instead, they propose that users should identify their most and least preferred among a set because these are easier for users to identify than a whole ranking; this reduces fatigue.
For this study, we used a two-variable, 8-bit (4 per variable) binary coded chromosome yielding 256 design options. This is a small design space in both the design and GA communities. But, it keeps the task load very small for users and still allows investigation of preference. The chromosome dictates the shape of designs presented to users by defining the location of points through which splines are fit. In this experiment, users evaluated shapes within a generational population of 16 designs and selected their four favourite choices for each generation, except for the final generation, when the user selected his or her single favourite design from that population. Numerical studies suggested that allowing users to select four favourite designs per generation allowed rapid convergence while maintaining design variability. We believe this selection process is manageable cognitively because visual processing is fast and the images are static. Another primary reason for our use of this small design space is that it allows for a parallel measurement using psychometric techniques. The psychometric technique used here is pairwise comparison, an oft used psychological tool that allows direct comparison between stimuli. Validating the IGA's preference capacity within a small design space is required in order to propose further application and investigation within larger design spaces.
Roulette wheel selection facilitated the mating process. The four dominant individuals were given large, but equal, percentages of the roulette wheel, while the other individuals were given small, but also equal, wheel percentages. Roulette percentage was a tuning parameter examined through Monte Carlo simulation. Single-point crossover was applied based on a random crossover point. Each set of parents produced one offspring. No parents were ever removed from the mating pool. Numerous methods of parental determination are possible. Including tournament, roulette wheel and truncation selection. Roulette wheel selection was used here primarily due to its widespread use within the literature. No attempt was made to compare or contrast it with other selection processes for this study.
Mutation increased diversity in the population and potentially exposed a more preferred design. Initial studies showed that simple binary mutation methods were insufficient for this IGA. Thus, a design-space mutation operator was developed that allowed design variables to be incremented by one discrete unit in the design space. Thus, instead of modifying the binary chromosome of the design with a single bit switch it modified the chromosome to have an incremental change in the design space. For example, mutation would cause the binary number 0101 (decimal 5) to be either the decimal number 4 or 6, which have binary values 0100 and 0110, respectively. This mutation operator functions gradually on the design options, but it also serves to change the binary structure of the individuals in a larger way than bit-space mutation operators.
IGA tuning
Parameters associated with the function of the IGA, such as mutation rate and roulette percentage, were determined using Monte Carlo simulation with a computer agent. Four selections were made by the agent in each generation, except for the final generation when the agent selected only one. The computer agent evaluated each individual to find those with the shortest Euclidean distance between themselves and a 'goal' design. This goal design was a random string of eight bits, thus no preference was given to any particular schema. Adjusting mutation rate and roulette percentage impact convergence rate and goal design attainment during simulation.
We examined the percentage of ideal solutions achieved and population convergence. The average and standard deviation of the Euclidean distance of the population at each generation were calculated. These measures were averaged over 10,000 trials for each parameter combination. The initial design population spanned the design space with 16 equally-spaced designs, according to the Euclidean metric. Since the probability of premature convergence increases dramatically when a population is initialised with too many fixed schema (a pattern of bits that appears repeatedly across members of the population), we examined our initialisation procedure and found a very limited number of such schema, on average, due to the manner in which the designs are incremented in the design space. The effect of the design-space mutation operator on bit-space genes mitigated the fixed-schema problem, because multiple bits are changed simultaneously, rather than a single bit. Figure 1 (left) and (right) shows the effect of roulette percentage and mutation rate, respectively, on the mean and standard deviation of the distance from the ideal design for the agent-based search. Mean information is shown as a line, and standard deviation is shown as an error bar. Mutation rate had little effect on the mean and standard deviations of the IGA populations. The mean in Figure 1 (right) shows that the IGA improved as generations increased. The standard deviation describes the amount of coherency between individuals within the population. These values converged toward a small number showing that the IGA was likely to find an optimal design. Increasing the roulette percentage decreased the mean and standard deviation, see Figure 1 (left), thus increasing the agent's likelihood of finding the goal design.
We examined the IGA parameters' effects on the agent's ability to achieve the actual goal design. The impact of increasing mutation rate from 0% to 50% caused the percentage of goal solutions achieved to rise from 20% to 93%. The impact of the roulette percentage was negligible between the range of 60% and 100%, while below 60% the unselected individuals greatly impacted the following populations and caused lower likelihood of goal design achievement within the generational constraint. This shows that increasing mutation rate increased the likelihood of achieving the precise goal design in the final generation. The difference between this result and that shown in Figure 1 (right) is that a high mutation rate improved the agent's ability to locate precisely a specified goal design instead of simply being near it. We used this information to tune the IGA parameters. We chose to set mutation rate at 50%, which is high in comparison with the published standards, but proved to yield the best performance in the tuning study. The roulette wheel percentage was set at 90% to allow population diversity through crossover with non-user-selected designs. It is possible in preference studies that users will have multimodal preference, and that their preference may not be static. The tuning parameters described here specifically facilitate rapid identification of a singular static preference while not precluding exploration of multimodal design spaces, or non-static preference.
IGA measure of preference with human respondents
Validation with human participants is important since we cannot assume that users will find their preferred design simply because the GA is effective. To validate the IGA as an effective tool in assessing shape preference two aspects of the IGA were experimentally investigated: first, we examined the user's ability to find a predefined shape, termed 'goal-seeking' ability; second, we examined the user's ability to find a preferred (and unknown to the testers) shape for a bottle design. The first study was validated by comparing the dimensions of a user's final shape with those of the predefined shape. The second study was validated with a paired-comparison study where several foils were placed against the user's preferred shape as described later. Thirty-four participants of college-age were involved in the validation study. The study consisted of four tasks:
• Example task to familiarise participants with the IGA.
• Cola bottle preference task using the IGA.
• IGA goal seeking task; this task was a distraction between task 2 and task 4.
• Finally, participants completed a pairwise-comparison study indicating their preference for different bottle shapes; this task was used to validate the participants' preference for their favourite bottle design in the second task.
Training task
In the training task, participants were informed about the adaptive nature of the survey, and given instructions on completing it. They used the IGA to 'find' (evolve) a rectangle from an initial set of shapes that did not contain a rectangle. This task allowed users to interact with the interface, become familiar with the process, and ask questions before proceeding to the main tasks. Figures were presented in a four-by-four grid. In the first four generations, participants selected four figures they thought looked most like rectangles. In the final generation, they selected only one. During the course of all of the studies in this paper we were aware of the difficulties that participants could have in discerning the difference between shapes. Thus, a knowledge of visual sensitivity and acuity were of great importance. In general, Weber's Law, first described in 1834 and later quantitatively formulated by Fechner, stated that a 'Just Noticeable Difference' (JND) exists between a perceptible item and its stimulus of comparison (Shen, 2003) . Based on normal visual acuity it can be determined that over a distance of one metre the human eye can discern differences between two objects that vary by 0.28 mm in dimension. We have used this distance as a JND limit in all of the visual experiments.
Experimental design: goal-seeking task
The goal-seeking task was presented as the third task for users. In this task, respondents used the population to evolve a circle. Figure 2 shows the initial survey population presented to participants. The shapes are defined by a symmetric spline fit through three points. The points defining the top and bottom of the shape are pre-defined. The third point used to define the spline lies between these top and bottom points. Manipulating the horizontal and vertical position of that middle point accounted for the variety of available shapes. Only a single design option (horizontal and vertical point position) created a circle. The goal-seeking task served two purposes: First, to validate the IGA's ability to allow user evolvement of a predefined shape; second, to distract the user from the preferred shape task. It required participants to focus cognitively on something other than the bottle shapes of tasks 2 and 4. Doing so reduced their capacity to remember the 'ideal' shape they chose in the preference task, which was important for the pairwise-comparison task (Cowan, 1988) .
Results and discussion: goal-seeking task
In the goal-seeking task, users attempted to evolve a circular shape. Of the 34 participants, 91% stated that they had found the objective in a self-report question. In actuality, 68% of participants found the circle, while the other 32% were less than 1.5 discrete design points (or roughly 6%) away from the circle shape, on average. This is an encouraging result and is similar to the agent-based search in its ability to find the random goal design. The disagreement between the stated and actual ability of participants to find the goal shape leads us to believe that self report is not a reliable measure of the IGA's ability to achieve the goal design. This may be due to the participant's inability to perceive differences between the goal shape and their final shape, especially given the small difference between the goal shape and average error distance of 1.5 discrete units. We used Weber's Law, as described earlier, to design the shape variable increments, but it still may have been a problem (Lanzara, 1994) .
We also examined how the population of available designs converged during the course of the trials in the IGA-goal task. Figure 3 (left) presents the mean and standard deviation of the population of designs that were available for selection. The trend shows convergence of the population toward the intended goal design. This supports the hypothesis that users can employ the IGA to seek out predefined shapes. Figure 3 (right) shows the mean and standard deviation of the four selected individuals during the course of the trials, obviously the final selection is only a single data point, so it is not included. (right) shows the raw data regarding the number of times the ideal shape, the circle, was presented to the users along with the number of times that shape was selected. Figure 4 (left) shows the entire number of times the ideal was shown per generation, however, Figure 4 (right) presents only the ideal shapes that could potentially be selected; a maximum of four per generation. Thus, if eight of the ideal solutions were presented, then, at best, half of those would go unselected. The trend shows that as the number of generations increase the likelihood of having an ideal solution from which to select also increases. It also shows that the total number of ideal solutions chosen increases. The data of Figure 4 (right) show that not all of the available ideal designs are selected. This likely indicates a few problems: first, participants may not have been able to discern the differences between shapes well enough; second, fatigue may have caused participants to make erroneous choices; third, participants may have become tired of the increasing uniformity of the options over time and were deliberately seeking to introduce variety. The first and second problems likely account for the bulk of the error, but this highlights the fact that, unlike a decision model, human users may make incorrect choices. Nevertheless, the results strongly suggest that the IGA is sensitive to the intentions of the user and can be used to locate a predefined goal.
Experimental design: preference task
In the IGA-based preference experiment, participants used a population of bottle shapes to identify their most preferred cola bottle shape. Two experiments were performed to evaluate this question. First, we employed the IGA to obtain the user's most preferred design (Task 2). Second, we compared this most preferred design against a group of foils in a pairwise-comparison task (Task 4). Before beginning the task, participants were provided the following context. Consider that a soda company wants to sell a cola. What bottle shape would you like for that cola? The bottle shape was defined by a spline fit through five points, and subjected to prescribed end conditions, see Figure 5 . Two of the five points were considered radially variable, points R2 and R4. The other three points, R1, R3, and R5, were radially fixed. All points were vertically fixed. Point R1 had a vertical end condition, while R5's end condition forced an angle of 20° with the horizontal. For the preference experiment, participants were asked to select the four shapes they liked most for a cola bottle. Shapes were presented in a four-by-four grid (Figure 6 ). Participants selected four shapes in the first seven generations and one shape in the final; this final selection was their IGA-ideal design. Following identification of the IGA-ideal design, and after the distraction task, a pairwise-comparison study was conducted in which participants were shown 15 pairs of bottle shapes. They selected their most preferred shape among the two. Seven of the 15 sets contained the participant's IGA-ideal design. These seven instances of the IGA-ideal were randomly placed in the set of 15. The IGA-ideal was also randomly placed on either the left or right. This experimental setup was designed to control for several effects: right/left preference, early vs. late exposure preference and the ability of the user to recognise the reappearance of their IGA-ideal design.
Results and discussion: preference task
User satisfaction with their IGA-ideal design was quantified by choice proportion, which measures the number of times the IGA-ideal design was chosen over the foils in the pairwise-comparison task, e.g., the number of times that a specific option was chosen, when available, divided by the total number of times that option was available for selection (Hensher et al., 2005) . Choice proportion is a measure of selection vs. availability. Choice proportion directly quantified the impact that a participant's IGA-ideal design had on the selections made by the user in the paired comparison task. Low values of choice proportion would support the hypothesis that other options were more desirable in the paired comparison task than the IGA ideal. In the study, participants selected their IGA-ideal design vs. other design options in 91% of the pairwise-comparisons. This suggests that the participants did prefer their IGA-ideal over foil options, and thus provides evidence in support of the hypothesis that the IGA accurately assesses preference. Figure 7 shows the IGA-ideal designs of the 34 participants plotted within the R2 × R4 design space. We notice that there are some clusters in an area that suggests a preference for the highly recognisable Coca Cola TM bottle shape. However, examining the data more closely shows that there exists numerous outliers from the typical cola bottle shape. So, while some users were highly influenced by the marketing associated with the cola industry, and chose their preferred designs accordingly, we can postulate that other users preferred different shapes. We examined how the population of available bottle designs converged during the course of the IGA. Figure 8 (left) presents the mean and standard deviation of the population of designs that were available for selection. The ordinate shows the Euclidean distance of the population from the goal design. In this case, the goal design was the final selection of each participant, e.g., all of the measurements are relative to some individual favourite design. The trends show that the generations converge towards the preferred design. Figure 8 (right) shows the mean and standard deviation of the four selections during the course of the trials. The final selection is only a single data point, so it is not included. Figure 9 (left) and (right) shows the raw data regarding the number of times the IGA-ideal bottle shape was presented to the users during the course of the IGA, along with the number of times it was selected over the generations. Figure 9 (left) shows the entire number of times the ideal was shown per generation, however, Figure 9 (right) presents only the ideal shapes that could potentially be selected; a maximum of four per generation. The data shows an increase in the participant's ability to identify and select their preferred design over the number of generations. But, the data also show that participants did not make perfect choices and were likely seeking variety in the selected choices. 
Discussion

Scaling issues with the IGA
Any behavioural measure of preference must be sensitive to how its task load scales with respect to the number of variables of interest and the number of levels for each variable. For a direct ranking of all design options, the number of evaluations required to identify the best option requires a full factorial design. Thus, provided that a design in our study has m-variables, each with n-levels, then a full factorial design requires n m evaluations. This sort of evaluation quickly becomes large (2 variables at 16 levels = 256 evaluations, while 3 variables at 16 levels = 4096 evaluations). In many practical situations, a fractional factorial design reduces the total number of evaluations required for direct ranking, without an appreciable loss in accuracy. For example, a response surface model can be generated from the fractional rankings as a way to understand preferences.
The method of paired comparison can also be used to characterise the most preferred design option. It, too, is hampered by an exponential growth in evaluations, since each design must be compared with all others. For example, in the case of 2 variables with 16 levels (as is the case in the IGA design experiment), 32,640 paired comparisons are required. If the participant's evaluations are assumed neither intransitive nor indifferent, then partitioning rules can reduce the number of evaluations. However, with large design spaces it is highly unlikely, in our opinion, that either intransitivity or indifference would hold in all evaluations.
Like the two methods above, conjoint analysis requires a full factorial design. The unmanageable size of the test set is mitigated by conducting surveys over large populations, whereby respondents answer a subset of the test items according to a fractional factorial design. This procedure, however, implies a high level of independence between variables, which is not always the case.
It is anticipated that IGAs will suffer a similar increase in required data collection as the number of variables and levels increase. The specific dependence of test items on these experimental variables is not examined in this study. However, the benefit of the genetic algorithm, which underlies this preference assessment technique, lies in how responses are used to efficiently conduct multiple parallel searches, which is one of the primary features of the algorithm. Although the validity of scaling this tool beyond 2 variables at 16 levels has not been established, the present study confirms the basic hypothesis put forward in numerous publications, namely, that the IGA does provide the participant a means of rapidly homing in on a well-liked design option.
Differences between goal-seeking and preference
The difference between goal-seeking and preference elicitation stems from the idea that when one expresses preference they may not have an inherent understanding of what they like prior to observation of their options. In goal seeking tasks users are likely to direct their choices based on a belief about the proper solution to the task. The options that users observe in a preference task can impact their preferences and may cause those preferences to change during the course of the task. In the following, we consider whether our studies show evidence of such a change in preference.
We assume that, in goal-seeking tasks, users fully know their intended goal. Hence, they ought to have a predictable generational convergence. This convergence can be observed by examining the standard deviation of the data collected in the IGA-based goal-seeking task. Because this data consists of two variables, x-and y-position of a point on the circle shape, we calculate the Euclidean norm of that data to see the combined effect on standard deviation. Figure 10 shows that as generations proceed each individual has a systematic and consistent decrease in standard deviation of the population. This indicates that a user is aware of the design he or she seeks and are able to make choices that evolve the population to a single solution.
In the situation of preference elicitation, however, we expect that users may not know exactly what they prefer until they are presented with several options. Thus, we expect to observe a different pattern of standard deviation compared to that of the goal-seeking task. We observed two distinct trends in examining the data. We found that a portion of the population had a good idea of what they preferred, as reflected by the generational pattern of the standard deviation as shown in Figure 11 . For further comparison, four of these plots are shown individually, so that the trends can be seen more clearly, Figure 12 . We see that these plots are very similar to those seen in the goal-seeking task, indicating that users quickly identify a goal design and make selections in an attempt to produce that preferred goal. Another group of participants appeared to take a longer period of time to converge toward a single design, which is consistent with a user who seeks variety or has a multimodal preference space, Figure 13 . Generational processes are shown for four participants from this group in the panels of Figure 14 . In this case, we see that participants take longer to converge toward a single design, but we note that convergence is generally observed.
What we see from these figures is that the idea of preference seems to differ in an important way from goal-seeking for some people. We cannot know exactly what users were thinking as they responded. It is apparent, though, that some participants maintained a great deal of variety in their populations before converging on a single preferred design. This supports the idea that users may be influenced in their choices by the options that are presented to them. 
Proposed methodology
The following summarises the methodology we followed in this study; we propose it as a validated approach that others can use when employing IGAs for assessing design preference. If the results of the pairwise-comparison task and the preference task do not align well then it may suggest that the IGA was mistuned either because the user's responses were not consistent, or because of the stochastic nature of the IGA, or the JND of the stimuli were not taken into account.
1 conduct a Monte Carlo simulation or similar tuning method to obtain efficient parameters for an IES type of algorithm 3 allow a group of users to employ the IES to determine a preferred design 4 employ a distraction task to reduce the users ability to recall their most preferred design 5 conduct a pairwise-comparison study between the most preferred design and other design options to validate results from Step 3.
Conclusions
The shape preference capacity of the IGA is an often made but not substantiated assumption. The two experiments provided confirmatory evidence in support of the IGA's ability to allow users to evolve a population first towards obtaining a predefined shape, and second towards expressing shape preference. We tested the expression of preference using pairwise-comparisons. Both the goal seeking and preference assessment abilities of the IGA were positively confirmed within a small design space. Extension of the IGA's preference capacity into larger design spaces still requires investigation. In the specific study, a possible bias may exist due to user familiarity with a cola bottle shape from a leading brand. A bias may also exist to the specific user population. Allowances for these possible biases would be useful in future studies. However, it does not diminish the result that the IGA can be used to identify that preference. The proposed IGA elicits user shape preference within the proposed design space. These preferences may be based on aesthetics, perceived usability, functionality, or a combination. No effort to distinguish among them was made in this study. An early Monte Carlo study allowed effective and efficient IGA tuning for convergence to a preferred design, thereby reducing user fatigue. Further, the IGA used a cognitively inexpensive selection process for user evaluation of design options.
The IGA implemented in the present study yielded an ideal design point, but it does not relate a mathematical model of preference to the entire design space. This limits the use of the current IGA within a broader product optimisation scheme because it lacks gradient information. Future studies may examine the sensitivity of the ideal design, thus allowing us to gain more information about the acceptable design space.
Our results suggest that IES can fulfil two different needs within design. First, an IES can be used to understand a population's aggregate preference for a design, which can then guide designers and engineers as they conduct detailed design. Second, for highly customisable designs, an IES could quickly and effectively identify a preferred design for a single user. These practical benefits should improve a producer's ability to understand their users and develop products that suit their wants.
